Abstract-This paper studies an unmanned aerial vehicle (UAV)-enabled wireless powered communication network (WPCN), in which a UAV is dispatched as a mobile access point (AP) to serve a set of ground users periodically. The UAV employs the radio frequency (RF) wireless power transfer (WPT) to charge the users in the downlink, and the users use the harvested RF energy to send independent information to the UAV in the uplink. Unlike the conventional WPCN with fixed APs, the UAV-enabled WPCN can exploit the mobility of the UAV via trajectory design, jointly with the wireless resource allocation optimization, to maximize the system throughput. In particular, we aim to maximize the uplink common (minimum) throughput among all ground users over a finite UAV's flight period, subject to its maximum speed constraint and the users' energy neutrality constraints. The resulted problem is nonconvex and thus difficult to be solved optimally. To tackle this challenge, we first consider an ideal case without the UAV's maximum speed constraint, and obtain the optimal solution to the relaxed problem. The optimal solution shows that the UAV should successively hover above a finite number of ground locations for downlink WPT, as well as above each of the ground users for uplink communication. 
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I. INTRODUCTION
tags [2] - [5] . Compared to the near-field WPT based on inductive coupling or magnetic resonant coupling, the far-field WPT via RF radiation is able to operate over a much longer range and charge multiple wireless devices (WDs) simultaneously even when they are moving and densely deployed, and yet with transceivers of significantly reduced form factor. There are in general two major applications of RF WPT in wireless communications, namely simultaneous wireless information and power transfer (SWIPT) and wireless powered communication network (WPCN), which unify the WPT and wireless information transfer (WIT) in a joint design framework over the same (downlink for both WPT and WIT) and opposite (downlink for WPT and uplink for WIT) transmission directions, respectively [6] , [7] . In particular, WPCN enables dedicated wireless charging and information collection for massive IoT devices, thus significantly enhances the operation range and throughput of traditional backscattering-based wireless communications. However, in conventional WPCNs, access points (APs) are usually deployed at fixed locations, which cannot be changed once deployed [8] - [10] .
The conventional WPCN with fixed APs faces several challenges. First, due to the severe propagation loss of RF signals over distance, the end-to-end WPT efficiency is generally low when the distance from the AP to a WD becomes large. Next, the conventional WPCN suffers from the so-called "doubly near-far" problem [8] , i.e., far-apart WDs from the AP receive lower RF energy in the downlink WPT, but they need to use higher transmit power in the uplink WIT to achieve the same rate as nearby WDs. The doubly near-far problem result in a severe user fairness issue among WDs when they are geographically distributed over a large area. To overcome the above issues, various approaches have been proposed in the literature, such as adaptive time and power allocation [8] , multiantenna beamforming [11] - [15] , and user cooperation [16] , [17] . However, all these prior works focused on the wireless resource allocation designs to enhance the WPT/WIT performances of WPCNs with fixed APs. By contrast, in this paper we propose an alternative solution based on a new unmanned aerial vehicle (UAV)-enabled WPCN architecture with UAVs employed as mobile APs.
UAVs have found abundant applications, such as for cargo delivery, aerial surveillance, filming, and industrial IoT. Recently, UAVs-enabled/aided wireless communications have attracted substantial research interests, due to their advantages in flexible deployment, strong line-of-sight (LoS) channels with ground users, and controllable mobility [18] . For example, UAVs can be utilized as mobile relays to help information exchange between far-apart ground users [19] , or as mobile base stations to help enhance the wireless coverage and/or the network capacity for ground mobile users [20] - [28] . Furthermore, UAV-enabled WPT has been proposed in [29] and [30] , in which UAVs are used as mobile energy transmitters to charge low-power WDs on the ground. By exploiting its fully controllable mobility, the UAV can properly adjust its location over time (also known as trajectory) to reduce the distances with target ground users, thus improving the efficiency for both WIT and WPT.
Motivated by the UAV-enabled wireless communications as well as WPT, this paper pursues a unified study on both of them in a UAV-enabled WPCN as shown in Fig. 1 . Specifically, a UAV following a predesigned periodic trajectory is dispatched as a mobile AP to charge a set of ground users in the downlink via WPT, and the users use the harvested RF energy to send independent information to the UAV in the uplink. We investigate how to optimally exploit the UAV mobility via trajectory design, jointly with the wireless resource allocation, to maximize the uplink data throughput of the multiuser WPCN in a fair manner. To this end, we maximize the uplink common (minimum) throughput among all ground users over a given UAV's flight period, by optimizing its trajectory, jointly with the downlink and uplink transmission resource allocations for WPT and WIT, respectively, subject to the UAV's maximum speed and the users' energy neutrality constraints. However, due to the complex data throughput and harvested energy functions in terms of coupled UAV trajectory and resource allocation design variables, our formulated problem is nonconvex and thus difficult to be solved optimally.
To tackle this difficulty, we first consider an ideal case without considering the UAV's maximum speed constraint. We show that the strong duality holds between this problem and its Lagrange dual problem, and thus it can be solved optimally via the Lagrange dual method. The optimal solution shows that the UAV should successively hover above a finite number of ground locations for downlink WPT, as well as above each of the ground users for uplink WIT, with the optimal hovering duration and wireless resource allocation for each location. Next, we address the general problem with the UAV's maximum speed constraint considered. Based on the multilocation-hovering solution to the above relaxed problem, we first propose a heuristic successive hover-andfly trajectory design, jointly with the downlink and uplink resource allocations, to find an efficient suboptimal solution. The proposed solution is also shown to be asymptotically optimal as the UAV's flight period becomes infinitely large. In addition, we further propose an alternating optimization-based algorithm to obtain a locally optimal solution, which optimizes the wireless resource allocations and the UAV trajectory in an alternating manner, via convex optimization and successive convex programming (SCP) techniques, respectively. By employing the successive hover-and-fly trajectory as the UAV initial trajectory, the alternating-optimization-based algorithm iteratively refines the wireless resource allocations and the UAV trajectory to improve the uplink common throughput of all ground users until convergence. Finally, we present numerical results to validate the performance of our proposed UAV-enabled WPCN. It is shown that the joint trajectory and wireless resource allocation design significantly improves the uplink common throughput, as compared to the conventional WPCN with the AP at a fixed location.
It is worth noting that there is another line of related research that employs ground moving vehicles to wirelessly charge and/or collect information from ground sensors, e.g., [32] - [35] . However, different from the UAV that can freely fly in the 3-D airspace, the ground vehicle can only move following a constrained path in the 2-D plane. Furthermore, unlike UAVs that have strong LoS links with ground users, the wireless channels from ground vehicles to users usually suffer from severe fading, thus limiting the performance for both WIT and WPT. As such, the joint trajectory design and wireless resource allocation in the UAV-enabled WPCN is a new study different from that with ground moving vehicles, which has not been investigated in the literature to our best knowledge.
The remainder of this paper is organized as follows. Section II presents the system model of the UAV-enabled WPCN, and formulates the uplink common throughput maximization problem of our interest. Section III considers an ideal case without the UAV's maximum speed constraint and presents the optimal solution to the relaxed problem. Sections IV and V present two efficient solutions to the general problem with the UAV's maximum speed constraint considered. Section VI provides numerical results to validate the effectiveness of our proposed designs. Finally, Section VII concludes this paper.
II. SYSTEM MODEL AND PROBLEM FORMULATION
As shown in Fig. 1 , we consider a UAV-enabled WPCN, in which a UAV is dispatched to periodically charge a set K {1, . . . , K} of ground users via WPT in the downlink, and each user k ∈ K uses its harvested energy to send independent information to the UAV in the uplink. Suppose that each user k ∈ K is at a fixed location (x k , y k , 0) on the ground in a 3-D Cartesian coordinate system, where w k = (x k , y k ) is defined as the horizontal coordinate of user k. The users' locations are assumed to be a-priori known by the UAV for its trajectory design and transmission resource allocation.
We focus on one particular flight period of the UAV, denoted by T (0, T] with finite duration T in second (s), in which the UAV flies horizontally at a fixed altitude H > 0 in meter (m). At any given time instant t ∈ T , let q(t) = (x(t), y(t)) denote the location of the UAV projected on the horizontal plane. Accordingly, the distance between the UAV and each user k ∈ K is given by
where · denotes the Euclidean norm of a vector. By denoting the UAV's maximum speed as V max in m/s, we have ẋ 2 (t) +ẏ 2 (t) ≤ V max , ∀t ∈ T , whereẋ(t) andẏ(t) denote the first-derivatives of x(t) and y(t) with respect to t, respectively. Note that we assume the UAV can freely choose its initial location q(0) and final location q(T) for performance optimization.
We consider that the wireless channels between the UAV and the K ground users are dominated by LoS links. In this case, the free-space path loss model can be practically assumed, similarly as in [19] and [29] . Accordingly, the channel power gain between the UAV and user k ∈ K at time instant t ∈ T is given by
where β 0 denotes the channel power gain at a reference distance of d 0 = 1 m. We consider a time-division multiple access (TDMA) transmission protocol, in which the downlink WPT for all users and the uplink WIT of different users are implemented in the same frequency band but over orthogonal time instants. At any time instant t ∈ T , we use the indicators ρ k (t) ∈ {0, 1}, ∀k ∈ {0} ∪ K, to denote the transmission mode. We use ρ 0 (t) = 1 and ρ k (t) = 0, ∀k ∈ K, to indicate the downlink WPT mode, in which the UAV transmits RF energy to charge the K users simultaneously; while we use ρ k (t) = 1, k ∈ K, and ρ j (t) = 0, ∀j ∈ {0}∪K, j = k, to represent the uplink WIT mode for user k, in which user k sends its information to the UAV by using its harvested energy. As the TDMA protocol is employed, it follows that
First, consider the downlink WPT mode at time instant t ∈ T , in which ρ 0 (t) = 1, and ρ k (t) = 0, ∀k ∈ K. Suppose that the UAV adopts a constant transmit power P in the downlink WPT mode. Accordingly, the harvested power at each user k ∈ K is given by
where 0 < η ≤ 1 denotes the RF-to-DC energy conversion efficiency at the energy harvester of each user. 1 Therefore, the 1 Note that in practice, the RF-to-DC energy conversion efficiency is generally nonlinear and depends on the received RF power level [36] and signal waveform [37] . For the purpose of exposition, in (3) we consider a simplified constant RF-to-DC energy conversion efficiency by assuming that each receiver operates at the linear regime for RF-to-DC conversion. Nevertheless, the design principles in this paper are also extendable to the scenario with nonlinear RF-to-DC energy conversion efficiency, which, however, is left for future work. total harvested energy at user k over each period of duration T is given bŷ
Next, consider the WIT mode for user k ∈ K at time instant t ∈ T with ρ k (t) = 1, and ρ j (t) = 0, ∀j ∈ {0} ∪ K, j = k. Let Q k (t) denote the transmit power of user k for the uplink WIT to the UAV. Accordingly, the achievable data rate from user k to the UAV in bits/second/Hertz (bps/Hz) at time instant t ∈ T is given by
where σ 2 denotes the noise power at the information receiver of the UAV, and γ β 0 /σ 2 is the reference signal-to-noise ratio.
Therefore, the average achievable rate or throughput of user k over each period in bps/Hz is given by
Note that for the purpose of exposition, we consider that the energy consumption of each ground user is mainly due to the transmit power for its uplink WIT. In this case, the total energy consumption at user k ∈ K iŝ
In order to achieve the self-sustainable operation for the WPCN, we consider the energy neutrality constraint at each user k, such that the user's energy consumption for uplink WIT [i.e.,Q k ({ρ k (t), Q k (t)}) in (7)] cannot exceed the energy harvested from the downlink WPT [i.e.,Ê k ({ρ 0 (t), q(t)}) in (4)] in each period. 2 As a result, we have the following energy neutrality constraints for the K users:
In this paper, our objective is to maximize the uplink common throughput among all users [i.e., min k∈K R k ({ρ k (t), q(t), Q k (t)})] subject to the UAV's maximum speed constraint and the K users' energy neutrality constraints. The decision variables include the UAV trajectory {q(t)}, the transmission mode {ρ k (t)}, and the transmit power {Q k (t)} for uplink WIT. As a result, the problem is formulated as (P1): max
where (13) denotes the UAV's maximum speed constraint. It is observed that for problem (P1), the objective function is nonconcave and constraints (9) and (11) are nonconvex, due to the complicated rate and energy functions with respect to coupled variables ρ k (t), q(t), and Q k (t), as well as the binary constraints on ρ k (t)'s. Therefore, (P1) is a nonconvex optimization problem. Furthermore, (P1) contains an infinite number of optimization variables over continuous time. For these reasons, problem (P1) is difficult to be solved optimally. To tackle this problem, in Section III we first consider an ideal case by ignoring the UAV's maximum speed constraint in (13), and solve the relaxed problem of (P1) as follows:
Note that problem (P2) also corresponds to the practical scenario when the UAV's flight duration T is sufficiently large for any given finite V max such that the flying time of the UAV becomes negligible as compared to its hovering time (see Section III for details). In Sections IV and V, we propose efficient algorithms to solve the general problem (P1) with the UAV's maximum speed constraint based on the optimal solution obtained for the relaxed problem (P2).
III. OPTIMAL SOLUTION TO PROBLEM (P2)
In this section, we consider problem (P2). By introducing an auxiliary variable R, problem (P2) can be equivalently expressed as
Although problem (P2.1) is still nonconvex, one can easily show that it satisfies the so-called time-sharing condition in [39] . Therefore, the strong duality holds between (P2.1) and its Lagrange dual problem. As a result, we can optimally solve (P2.1) by using the Lagrange dual method. Let λ k ≥ 0 and μ k ≥ 0, k ∈ K, denote the dual variables associated with the kth constraints in (14) and (9), respectively.
For notational convenience, we define λ
The Lagrange dual function of (P2.1) is
s.t. (10)- (12). (16) Lemma 1: In order for the dual function g(λ, μ) to be upper bounded from above [i.e., g(λ, μ) < ∞], it must hold that
Proof: Suppose that
to be bounded from above, and this lemma is proved.
Based on Lemma 1, the dual problem of problem (P2.1) is given by
For notational convenience, let X denote the set of λ and μ specified by the constraints in (D2.1). As the strong duality holds between (P2.1) and (D2.1), we can solve (P2.1) by equivalently solving (D2.1). In the following, we first obtain g(λ, μ) by solving problem (16) under any given (λ, μ) ∈ X , and then solve (D2.1) by finding the optimal λ and μ to minimize g(λ, μ).
1) Obtaining g(λ, μ) by Solving Problem (16) Under Given
It is evident that problem (16) can be decomposed into the following subproblems:
Here, problem (18) consists of an infinite number of subproblems, each corresponding to one time instant t.
Note that the optimal value of problem (17) is always zero as 1 − K k=1 λ k = 0 (see Lemma 1) . In this case, the optimal solution R * to problem (17) can be chosen as any arbitrary real number. Therefore, we only need to focus on problem (18) . As the subproblems in (18) are identical for different time instants t's, we can drop the index t for notational convenience, and denote the optimal solution as {Q * k }, q * , and {ρ * k }. As for problem (18) , there are a total of K + 1 feasible choices for {ρ k } due to the constraints in (19) . In the following, we solve problem (18) by first obtaining the maximum objective value (and the corresponding optimal {Q k } and q) under each of the K + 1 feasible {ρ k }, and then comparing them to obtain the optimal {ρ k }.
First, consider that ρ 0 = 1 and ρ k = 0, ∀k ∈ K. In this case, problem (18) can be re-expressed as
for which the optimal solution is given as Q k = 0, ∀k ∈ K, and q =q
corresponds to the set of optimal hovering locations for downlink WPT, with (μ) ≥ 1 denoting the number of optimal solutions to problem (21 g(λ, μ) . Accordingly, the optimal value of problem (18) is given as φ(q
Next, consider that ρ k = 1 for any one k ∈ K and ρ j = 0, ∀j ∈ {0} ∪ K, j = k. In this case, problem (18) can be re-expressed as
Note that the objective function of problem (22) is concave with respect to Q k , and therefore, problem (22) is convex. By checking the Karush-Kuhn-Tucker conditions, we have the optimal solution as 0) . Therefore, the corresponding optimal value of problem (18) 
By comparing the K +1 optimal values, i.e., φ({q
we have the following proposition, for which the proof is straightforward and thus omitted.
Proposition 1: The optimal solution to problem (18) is obtained by considering following two cases.
where q * is generally nonunique when
Then the UAV operates in the uplink WIT mode for user k * , i.e.,
Note that if any two of the K + 1 optimal values (i.e.,
are equal, then the corresponding solutions in (23) and (24) are both optimal for problem (18) . Based on Proposition 1, problem (18) is solved, and thus the function g(λ, μ) is obtained.
2) Finding Optimal λ and μ to Solve (D2.1): Next, we search over (λ, μ) to minimize g(λ, μ) for solving (D2.1). Since the dual problem (D2.1) is always convex but in general nondifferentiable, we can use subgradient-based methods, such as the ellipsoid method [41] , to obtain the optimal λ and μ, denoted by λ opt and μ opt . Note that for the objective function g(λ, μ) in (D2.1), the subgradient with respect to (λ, μ) is r 1 ρ where R * = 0 is chosen for simplicity.
3) Constructing Optimal Primal Solution to (P2.1):
With λ opt and μ opt at hand, it remains to construct the optimal primal solution to (P2.1), denoted by {ρ
and R opt . Before proceeding, we have the following proposition.
Proposition 2: It must hold that φ({q
} at the optimal λ opt and μ opt .
Proof: See Appendix A. By combining Propositions 1 and 2, it follows that under the optimal dual solution λ opt and μ opt to (D2.1), problem (18) has a total number of (μ opt ) + K optimal solutions. Among them, the (μ opt ) optimal solutions are given in (23) for downlink WPT, and the other K solutions are given in (24) for uplink WIT (each for one user k). In this case, we need to time-share among these optimal solutions to construct the optimal primal solution to (P2.1).
More specifically, notice that the (μ opt ) solutions in (23) correspond to (μ opt ) hovering locationsq
for downlink WPT, at which only the UAV transmits at constant power P with ρ * 0 = 1; on the other hand, the kth solution in (24) , k ∈ K, corresponds to that the UAV hovers above user k at location w k for uplink WIT, at which user k transmits with
and ρ * k = 1. With timesharing, let τ ω and ς k denote the hovering durations at the locationq
, ω ∈ {1, . . . , (μ opt ) }, and w k , k ∈ {1, . . . , K}, respectively. In this case, we solve the following uplink common throughput maximization problem to obtain the optimal hovering durations τ ω 's and ς k 's for time sharing (P2.2): max
Note that problem (P2.2) is a linear program, which can be solved by standard convex optimization techniques in [41] . The optimal solution to (P2.2) is denoted asς k ,τ ω , and R. Accordingly, we can divide the whole period T into 
are for uplink WIT of the K users. As a result, we have the following proposition, for which the proof is omitted for brevity.
Proposition 3: The optimal solution to (P2.1) [and thus (P2)] is given as follows. During subperiod ω ∈ {1, . . . , (μ opt ) }, the UAV hovers at the locationq
, the UAV hovers above user k at w k , and user k sends information to the UAV in the uplink, i.e.,
The optimal uplink common throughput is given as R opt =R [withR denoting the optimal solution obtained for (P2.2)].
In summary, we present the overall algorithm for solving (P2) as Algorithm 1 in Table I , and we refer to such a solution as the multilocation-hovering solution. Notice that Algorithm 1 is guaranteed to converge to the globally optimal solution to problem (P2). Remark 1: It is worth noting that similar multilocationhovering solutions have been proposed in the UAV-enabled multiuser WPT system [29] and the UAV-enabled multiuser communication system with TDMA transmission [31] , when the UAV's flight period becomes sufficiently long. In [29] , the UAV successively hovers above a given set of locations to maximize all users' minimum received energy; while in [31] , the UAV successively hovers above each user to maximize the minimum throughput of all users. As a matter of fact, our derived multilocation-hovering solution to problem (P2) in Proposition 3 unifies the results in [29] and [31] , which consists of two sets of hovering locations: (μ opt ) ones for WPT and the other K ones for WIT. Nevertheless, note that the (μ opt ) hovering locations to problem (P2) for WPT are generally different from those in [29] , as they are designed based on different objective functions (max-min communication throughput versus max-min harvested energy).
Remark 2: To gain more insights, it is interesting to consider problem (P2) in the special case of K = 2 users. Without loss of generality, we assume that the two users are located at (−D/2, 0, 0) and (D/2, 0, 0) with x 1 = −D/2, x 2 = D/2, and y 1 = y 2 = 0, where D denotes the distance between the two users. Due to this symmetric setup, it can be shown that the optimal (μ opt ) hovering locations for WPT to problem (P2) are actually identical to the optimal hovering locations to maximize the two users' minimum harvested energy in the UAVenabled WPT system [29] , [30] . It follows from [29] and [30] Fig. 2 ; while when D ≤ 2H/ √ 3, the UAV needs to hover above three locations, as shown by the example in Fig. 3 . 
IV. PROPOSED SOLUTION TO PROBLEM (P1) WITH SUCCESSIVE HOVER-AND-FLY TRAJECTORY
This section considers problem (P1) with the UAV's maximum speed constraint considered. First, we present a successive hover-and-fly trajectory motivated by the multilocation-hovering solution to the relaxed problem (P2), in which the UAV sequentially visits the (μ opt ) + K hovering locations for efficient WPT and WIT, respectively. Next, under such a flying trajectory, we design the duration at each hovering location and the transmission resource allocation for (P1) by discretizing the time period. Finally, we discuss the case when the UAV's flight duration T is too small to visit all these hovering locations, for which the trajectory and transmission resource allocations are redesigned.
A. Successive Hover-and-Fly UAV Trajectory
In the proposed successive hover-and-fly trajectory design, the UAV sequentially visits the (μ opt ) + K optimal hovering locations that are obtained for (P2), i.e.,q = w k , k ∈ K. In order to maximize the time for efficient WPT and WIT, the UAV flies among these hovering locations by using the maximum speed V max , and the UAV aims to minimize the flying time by equivalently minimizing the traveling path among the (μ opt ) + K locations.
Toward this end, we define a set of binary variables {f j,k }, ∀j, k ∈ {1, . . . , ( Note that as shown in [29] , the flying distance minimization is similar to the well-established traveling salesman problem (TSP), with the following differences. The standard TSP requires the salesman (or the UAV in this paper) to return to the origin city (the initial hovering location) after visiting all the other cities (or hovering locations here), while the flying distance minimization problem of our interest does not have such a requirement since the initial and final hovering locations can be optimized. As shown in [40] , we can transform our traveling distance minimization problem to the standard TSP as follows. First, we add a dummy hovering location, namely the ( (μ opt ) + K + 1)th hovering location, whose distances to all the existing (μ opt ) + K hovering locations are 0, i.e.,
Note that this dummy hovering location is a virtual node that does not exist physically. Then, we obtain the desirable traveling path by solving the standard TSP problem for the (μ opt ) + K + 1 hovering locations, and then removing the two edges associated with the dummy location. As a result, we use the permutation κ(·) over the set {1, . . . , (μ opt ) +K} to denote the obtained traveling path, where the κ(1)th hovering location is first visited, followed by the κ(2)th, the κ(3)th, etc., until the κ( (μ opt ) + K)th hovering location at last. We denote the traveling distance and traveling duration from the κ(i)th hovering location q Note that in practice, the UAV's flight duration T may not be exactly equal to the traveling distance T fly . When T > T fly , we further need to determine the hovering durations at the (μ opt ) + K locations. When T < T fly , the UAV does not have sufficient time to visit all the (μ opt ) + K hovering locations, and thus we need to redesign the UAV trajectory in order to satisfy the duration requirements. We present the complete successive hover-and-fly trajectory for the above two cases in Sections IV-B and IV-C, respectively, together with the transmission resource allocations.
B. Hovering Durations and Transmission Resource Allocation Optimization When T > T fly
Let τ ω denote the time duration for the UAV to hover at the location q opt ω =q (μ opt ) ω for WPT, ω ∈ {1, . . . , (μ opt ) }, and ς k denote the time duration for the UAV to hover above user k at q
Accordingly, we can divide the time duration into 2(
] for odd subperiods with k ∈ {1, . . . , (μ opt ) + K}, and
for even subperiods with k ∈ {1, . . . , (μ opt ) + K − 1}. Therefore, within each odd subperiod 2k − 1, the UAV should hover at the κ(k)th hovering location (x κ(k) , y κ(k) , H) , i.e.,
During each even subperiod 2k, the UAV should fly from the κ(k)th hovering location to the κ(k + 1)th hovering location with the UAV's maximum speed V max , whose time-varying location is
. Therefore, the successive hover-and-fly trajectory is finally obtained, in which the hovering durations {υ κ(k) }, or equivalently, {τ ω } and {ς k }, are optimization variables that will be determined next. Under the obtained successive hover-and-fly trajectory, we maximize the uplink common throughput of all users by optimizing the transmission mode {ρ k (t)} and the power allocation {Q k (t)}, jointly with the hovering durations {τ ω } and {ς k }. Toward this end, we first discuss the transmission policy of the UAV-enabled WPCN during each subperiod.
First, consider the (2k − 1)th subperiodT 2k−1 , k ∈ {1, . . . , (μ opt ) + K}, in which the UAV hovers above q opt κ (k) as in (30) . The transmission policy in this subperiod is based on the optimal solution to (P2) in Section III. In particular, if 1 ≤ κ(k) ≤ (μ opt ) , we denote ω = κ(k) for convenience. In this case, the UAV hovers atq
with duration τ ω , and the UAV works in the downlink WPT mode during this subperiod, by employing transmit power P. On the other hand, if
. In this case, the UAV hovers above userk at wk with duration ςk, and userk works in the uplink WIT mode to transmit information to the UAV during the whole subperiod, by employing a certain transmit power, denoted by Q hover k . By combining the (μ opt ) + K odd subperiods, the uplink throughput and the harvested energy at each user k are, respectively, given as
Next, consider even subperiodsT 2k , ∀k ∈ {1, . . . , (μ opt ) + K − 1}, with total duration T fly . We discretize these subperiods into N slots each with duration δ = T fly /N. For each slot n ∈ N {1, . . . , N}, the location of the UAV is assumed to be constant and denoted as q fly [n] =q(nδ). Furthermore, in order to handle the binary transmission mode indicator {ρ k (t)}, we consider that the (K + 1) transmission modes are time shared within one slot, by dividing each slot n into (K + 1) subslots without loss of generality. In the first subslot with duration τ 
Based on (32)- (35), the uplink common throughput maximization problem is reformulated as follows, in which the optimization variables are {ς k }, {Q hover
Note that although problem (P3) is nonconvex due to the coupling of some variables (e.g., ς k and Q hover k ). Fortunately, via a change of variables (e.g., by introducing E hover
we can transform problem (P3) into a convex optimization problem, which can thus be solved via standard convex optimization techniques. By combining the optimal solution to (P3) together with the successive hover-and-fly trajectory in (30) and (31) , the solution to (P1) is finally found.
Remark 3: It is worth noting that the proposed successive hover-and-fly trajectory design is asymptotically optimal for (P1) when T → ∞, as the total flying time T fly becomes negligible as compared to the total hovering time T − T fly . In this case, the obtained uplink common throughput approaches the optimal value of (P2), which serves as the upper bound for that of (P1).
C. Trajectory Redesign and Transmission Resource Allocation When T < T fly
Next, we consider the case with T < T fly , in which the UAV flying trajectory {q(t)} T fly t=0 based on the TSP solution is no longer feasible since the duration T is not sufficient for the UAV to visit all the (μ opt ) + K hovering locations. To overcome this problem, we first find the solution to (P1) when T is sufficiently small (i.e., T → 0) such that the UAV can only hover at one single location, and then reconstruct a modified UAV trajectory for the case of T < T fly .
First, when T → 0, the UAV should hover at one single fixed location. Let q denote the hovering location of the UAV. Then problem (P1) can be re-expressed as
Note that under given UAV hovering location q, it is easy to show that problem (41) is equivalent to the common throughput maximization problem in the conventional WPCN [8] . In this case, the transmission resource allocation can be obtained optimally by performing a TDMA protocol together with a joint time and power allocation, for which the details can be found in [8] . Therefore, the optimal q to problem (41) can be obtained via a 2-D exhaustive search over [x, x] × [y, y], together with the joint time and power allocation under any given q. We denote the obtained optimal q to problem (41) as q fix .
With q fix at hand, we then reconstruct the trajectory for problem (P1) as follows by down-scaling the previously obtained traveling path {q(t)} T fly t=0 for the case of T = T fly linearly toward the center point (x fix , y fix , H), such that the resulting total flying distance equals V max T. Accordingly, we can zoom in the trajectory as follows:
where ν = T/T fly < 1 denotes the linear scaling factor. Note that when T → 0, we have ν → 0, and the above redesigned trajectory reduces to hovering at one single fixed location q fix ; when T → T fly , we have ν → 1, and the above redesigned trajectory becomes identical to the TSP-based trajectory {q(t)} T fly t=0 . In this case, the successive hover-and-fly trajectory can be modified as {q * * (t)} with q * * (t) = (x * * (t), y * * (t)), ∀t ∈ [0, T]. Accordingly, the transmission resource allocation can be obtained similarly as for (P3) by discretizing the T into N time slots and employing TDMA within each slot for WPT and WIT, respectively. The details of the transmission resource allocation are omitted for convenience.
In summary, we present the overall algorithm with the successive hover-and-fly trajectory for solving (P1) as Algorithm 2 in Table II , with both the cases of T ≥ T fly and T < T fly .
Remark 4: It is worth further discussing the special case with K = 2 users to provide more design insights. As mentioned in Remark 2, at the optimal solution to (P2) in this case, there are in general three or four hovering locations, which are all located above the line connecting the two users. Therefore, the corresponding successive hover-and-fly trajectory always flies above the line between the two users, and the total flying duration for visiting all these hovering locations is T fly = D/V max , with D denoting the distance between the two users. Due to the symmetry between the two users, it can be shown via contradiction that in the case of T ≥ T fly , the successive hover-and-fly trajectory and the correspondingly obtained transmission resource allocation are indeed the globally optimal solution to problem (P1). Nevertheless, such a result does not hold in the general scenario with K > 2 users.
V. ALTERNATING OPTIMIZATION-BASED SOLUTION TO PROBLEM (P1)
In this section, we propose an alternative solution to problem (P1) based on the technique of alternating optimization, which optimizes the UAV trajectory and the transmission resource allocation in an alternating manner toward a locally optimal solution. Toward this end, we reformulate problem (P1) by discretizing the whole period T with duration T into a finite number of N time slots, each with duration δ = T/ N. Note that the duration δ is chosen to be sufficiently small, such that we can assume the UAV's location is approximately unchanged during each slot n, which is denoted as (x[n], y[n], H), n ∈ N {1, . . . , N}. Similarly as for problem (P3), we divide each slot n into (K + 1) subslots, with the first subslot with duration τ 0 [n] ≥ 0 for downlink WPT, and the kth subslot with duration τ k [n] ≥ 0 for user k's uplink WIT with transmit power Q k [n], k ∈ K. Here, we have K k=0 τ k [n] = δ, ∀n ∈ N . Accordingly, the uplink achievable data rate and the harvested energy at each user k ∈ K at slot n ∈ N are, respectively, given as
Accordingly, problem (P1) can be reformulated as (P4): max
where the constraints in (46) correspond to the discretized version of the UAV's maximum speed constraint in (13) . In the following, we optimize each of the UAV trajectory {q 
where
with e defining the Euler's number, S
and
and r k 
Proof: See Appendix B. Based on Lemma 2, at each iteration i+1, we optimize over (51), respectively, with the obtained UAV trajectory {q (i) [n]} at the previous iteration i. More specifically, the UAV trajectory is updated as
Note that for problem (54), the function
is concave with respect to q[n], and the constraints are convex. As a result, problem (54) is a convex optimization problem, and thus can be optimally solved by standard convex optimization techniques, such as the interior point method [41] . Notice that the objective function in problem (54) serves as a lower bound for that in problem (P4) (see Lemma 2) . Therefore, it follows that after each iteration i ≥ 1, the objective value of problem (P4) achieved by {q (i) [n]} is no smaller than that achieved by {q (i−1) [n]} in the previous iteration (i − 1). As the optimal value of problem (P4) is bounded from above, the SCP-based design in (54) converges to a locally optimal trajectory solution under given transmission resource allocation {τ k [n]} and {Q k [n]}.
Next, we optimize the transmission resource allocation {τ k [n]} and {Q k [n]} under given UAV trajectory {q[n]}. Although this problem is nonconvex, similarly as for problem (P3), we can transform it into a convex optimization problem via change of variables, which can thus be solved via standard convex optimization techniques [41] . Finally, we optimize over the UAV trajectory {q[n]} via (54) based on the SCP technique and the transmission resource allocation {τ k [n]} and {Q k [n]} via the convex optimization technique, in an alternating manner. It is worth noting that such an alternating optimization ensures the objective function of problem (P4) to be monotonically nondecreasing after each iteration with all variables updated. As a result, the alternatingoptimization-based approach eventually converges to a locally optimal solution to (P4).
It is also worth noting that as problem (P4) is a nonconvex optimization problem that generally possesses multiple locally optimal solutions, the performance of the alternating-optimization-based approach for solving (P4) critically depends on the initial point chosen for iteration. In this paper, we choose the successive hover-and-fly trajectorybased solution in Section IV as the initial point. In this case, the alternating-optimization-based approach in this section can always achieve a common throughput no smaller than the successive hover-and-fly trajectory-based design. As the successive hover-and-fly trajectory is a reasonably good heuristic design, this ensures the alternating-optimizationbased algorithm to achieve a better common throughput after convergence, as will be validated by our numerical results in the next section.
For the purpose of illustration, Fig. 4 shows the convergence behavior of the alternating-optimization-based algorithm for solving problem (P4), where the parameters are set similarly as for Fig. 6 (which will be detailed later) with the time duration T = 4 s. It is observed that the uplink common throughput [or the objective value of problem (P4)] is monotonically increasing after each iteration, and the iteration converges very fast.
VI. NUMERICAL RESULTS
In this section, we present numerical results to validate the performance of our proposed joint trajectory and transmission resource allocation design as compared to the following banchmark scheme.
1) Static Hovering:
The UAV hovers at a fixed location q over the whole period. In this case, the uplink common throughput maximization problem is reduced to problem (41), which can be solved efficiently via a 2-D exhaustive search over q and solving for the transmission resource allocation under any given q. In the simulation, the UAV flies at a fixed altitude H = 5 m. The receiver noise power at the UAV is set as σ 2 = −80 dBm. The channel power gain at the reference distance d 0 = 1 m is set as β 0 = −30 dB. The energy harvesting efficiency is set as η = 50%. The maximum speed of the UAV is V max = 10 m/s. The transmit power at the UAV is P = 40 dBm.
First, we consider the special case with K = 2 users. Fig. 5 shows the uplink common throughput in this case versus the flight duration T, in which the distance between the two users is set as D = 10 m. It is observed that the successive hoverand-fly trajectory has the same performance as the SCP-based trajectory. This is consistent with Remark 4, which shows that the successive hover-and-fly trajectory is indeed optimal to (P1) when T ≥ T fly = D/V max = 1 s. As a result, in this case, the SCP-based trajectory cannot further improve the performance. Furthermore, it is observed that the proposed successive hover-and-fly trajectory and SCP-based trajectory achieve higher common throughput than the static-hovering benchmark, and the performance gain becomes more substantial when T becomes larger. Last, the two proposed designs are observed to approach the performance upper bound by the multilocation-hovering solution for (P2). This is consistent with Remark 3.
Next, we consider a system with K = 9 ground users that are randomly distributed within a 2-D area of 20 × 20 m 2 , as shown in Fig. 6. For illustration, Fig. 6 also shows the optimal hovering locations for problem (P2), the successive hover-and-fly trajectory as well as the SCP-based trajectory under the 9-user setup, where T = 12 s. It is observed that there are (μ opt ) = 4 optimal hovering locations for WPT and a total of (μ opt ) + K = 13 optimal hovering locations for problem (P2).
Figs. 7 and 8 show the harvested energy and the achievable rate of each ground user, respectively, with T = 12 s. It is observed in Fig. 7 that in both proposed designs, the harvested energy values at different users are generally different. By contrast, it is observed in Fig. 8 that the achievable rates at these users are the same in order to maximize the common throughput. It can be inferred from Figs. 7 and 8 that the trajectory design and the corresponding transmission resource allocation for (P1) can efficiently balance the communication rates among the K users, but generally may lead to unbalanced energy harvesting at these distributed users. This shows the difference between our design versus that in the UAV-enabled multiuser WPT system [29] , in which the harvested energy of all users are designed to be identical. Fig. 9 shows the uplink common throughput of the K users versus the flight duration T. It is observed that the proposed successive hover-and-fly trajectory and SCP-based trajectory (jointly with the corresponding optimized transmission resource allocation) achieve higher common throughput than the static-hovering benchmark, and the performance gain becomes more substantial when T becomes larger. In particular, the SCP-based trajectory outperforms the successive hover-and-fly trajectory, especially when the flight duration is small. Furthermore, with T being sufficiently large, the successive hover-and-fly trajectory and the SCP-based trajectory are both observed to approach the performance upper bound by the multilocation-hovering solution to (P2) with the UAV's maximum speed constraint ignored. This is consistent with Remark 3.
VII. CONCLUSION
In this paper, we investigate the common throughput maximization problem in a new UAV-enabled WPCN setup, by jointly optimizing the UAV trajectory and the transmission resource allocation in both downlink WPT and uplink WIT, subject to the UAV's maximum speed constraint and the users' energy neutrality constraints. To solve this challenging problem, we first consider the ideal case without the UAV's maximum speed constraint and solve the relaxed problem optimally. The optimal solution shows that the UAV should successively hover above two sets of optimal ground locations for downlink WPT and uplink WIT, respectively. Next, based on the optimal solution to the relaxed problem, we propose the successive hover-and-fly trajectory and the SCP-based trajectory to solve the problem with the UAV's maximum speed constraint considered. Numerical results showed that the proposed UAV-enabled WPCN achieves near-optimal performance when the flight period is sufficiently large, and significantly enhances the uplink common throughput performance over the conventional WPCN with a static AP located even at the optimal location, by effectively resolving the doubly near-far fairness issue.
Due to the space limitation, there are several unaddressed problems in this paper, which are worth investigation in future work. For example, this paper only considered a single UAV serving multiple users, while how to extend to the case with multiple UAVs serving a large number of users over a large area is an interesting open problem. In this case, collaborative downlink energy beamforming and efficient uplink interference control via multi-UAV trajectory design can be employed to enhance the network performance. Besides, this paper maximized the uplink common throughput of multiple users by assuming a fixed UAV mission period. In practice, the UAV mission period should be set by considering various factors, such as the communication delay requirements and the battery size of different users, as well as the battery lifetime and power consumption of the UAV. How to design the UAV mission period under the above practical considerations is also an interesting problem worth further study. APPENDIX A PROOF OF PROPOSITION 2 Suppose that these K terms are not identical at the optimal λ opt and μ opt , for which there are in general K + 1 cases discussed in the following.
In the first case, suppose that φ({q . It follows from Proposition 1 that ρ 0 (t) = 0, ∀t ∈ T , i.e., the WPCN does not work in the downlink WPT mode throughout the whole period with duration T. In this case, the K users cannot harvest any energy from the UAV, thus leading to a zero common throughput. This solution is thus not optimal.
In the kth one of the other K cases, suppose that ϕ k (w k , Q . It follows from Proposition 1 that ρ k (t) = 0, ∀t ∈ T , i.e., the WPCN does not work in the uplink WIT mode for user k throughout the whole period with duration T. In this case, the throughput for user k is zero, thus resulting in a zero common throughput. This solution thus cannot be optimal as well.
By combining all the K + 1 cases in the above, in order for the common throughput to be nonzero, it must hold that φ(q 
